Abstract: Modeling mixtures of distributions has rested on Gaussian distributions and/or a conditional independence hypothesis for a long time. Only recently have researchers begun to construct and study broader generic models without appealing to such hypotheses. Some of these extensions use copulas as a tool to build flexible models, as they permit modeling the dependence and the marginal distributions separately. But this approach also has drawbacks. First, the practitioner has to make more arbitrary choices, and second, marginal misspecification may loom on the horizon. This paper aims at overcoming these limitations by presenting a copulabased mixture model which is semiparametric. Thanks to a location-shift hypothesis, semiparametric estimation, also, is feasible, allowing for data adaptation without any modeling effort.
Introduction
The modeling of a mixture of distributions has long rested upon Gaussian distributions (McLachlan and Peel, 2004) , and it is only recently that researchers have started to construct and study broader generic models (Forbes and Wraith, 2014; Lee and McLachlan, 2014; Marbac, Biernacki, and Vandewalle, 2015; Kosmidis and Karlis, 2016; Marbac, Biernacki, and Vandewalle, 2014; Vrac et al., 2012) . Among these extensions, models featuring copulas are still rare, but certainly promising (Marbac et al., 2014; Kosmidis and Karlis, 2016; Vrac et al., 2012) . Indeed, copulas allow for building very flexible models, as they permit handling the marginal distributions and the dependence separately.
Let h be a mixture model density. It is of the form
where K is the number of groups, and for z = 1, . . . , K, h z and π z are the conditional density and the weight of the z-th group respectively. The π z satisfy π z ≥ 0 and z π z = 1. A copula-based mixture model is simply a standard mixture model in which the conditional density h z has been decomposed into the copula and the marginals, that is,
where c z is the copula in the z-th group, and H jz and h jz denote the distribution function and the density of the j-th variable of interest in the z-th group respectively. Such a decomposition is always possible as long as the marginals are continuous. It is sometimes called the copula decomposition or Sklar's decomposition, in view of Sklar's theorem (Sklar, 1959) . For more details about copulas in general, see e.g. Nelsen (2006) , Joe (2014), Genest and Favre (2007) or the Appendix. Thus, pluging (2) into (1), we get
As a matter of fact, as long as the marginals are continuous, any standard mixture model (1) can be re-written as in (3). Nevertheless, it is wise to reserve the term copula-based mixture model only to those models which make explicit use of formula (3).
To build a parametric copula-based mixture model, d × K + d parametric families have to be chosen. In practice, this is quite a large number of choices and therefore one often assumes that all the marginals come from the same parametric family. But then this restriction can be too strong for applications. This issue, in particular, was pointed out in Vrac et al. (2012) .
In this paper, we aim at overcoming these limitations by presenting a
